Objectives: The aims of this study were to estimate inhalation exposure to chemicals and the resulting acute health risks for working scenarios characterized by successive peaks of pollutant concentrations.
INTRODUCTION
Biology and pathology activities are commonly characterized by the repetitive use of a large number of chemicals. The various tasks handled in these laboratories such as decanting chemicals, mixing reagents, or diluting solvents can lead to the evaporation of chemicals within the working environment. Inhalation exposure profiles resulting from such activities usually consist of successive peaks of concentration. As working tasks are both numerous and diverse, the systematic monitoring of concentration peaks is generally precluded and such an exposure assessment strategy moreover does not provide many informations about the mechanisms governing the exposure. Nevertheless, the assessment of short-term occupational exposure to chemicals is of great importance as it was shown that temporal variability increases with decreasing averaging times (Wallace et al., 1994) .
As an alternative to monitoring, mathematical modelling turns out to be a valuable tool for assessing inhalation exposure to chemicals and several modelling approaches have been implemented over the last decade. The European Registration Evaluation Authorisation and Restriction of Chemicals (REACH) legislation has for instance initiated several mechanistic inhalation exposure models, among which Tier 1 generic screening tools (ECE-TOC Targeted Risk Assessment tool, Stoffenmanager, EMKG-Expo-Tool) or more sophisticated Tier 2 exposure models (Advanced REACH Tool) (Schinkel et al., 2011) . Such exposure models are now widely used in order to produce exposure estimates for various chemicals and exposure scenarios.
In addition, physical-chemical models are increasingly used within exposure assessment strategies (zero ventilation, well-mixed box, two zone, diffusion) (AIHA et al., 2009) . Few studies have successfully used deterministic exposure models to predict solvent concentrations within laboratories (Keil and Nicas, 2003; Keil and Murphy, 2006) . Among physical models, the two-zone model has often provided exposure estimates within a factor of 0.5-to 2-fold of measured values (AIHA et al., 2009) . This model is of particular interest in situations where concentration gradients may occur and where inhalation exposures close to emission sources are to be estimated. However, most of the studies using this model have mainly restricted their focus to atmospheric concentrations and health risk issues have generally not been addressed directly. In a recent paper, Jayjock et al. (2011) combined both the two-zone model and a hazard index approach in order to estimate health risks posed by fluorinated solvents in a workplace spill scenario. This study provided useful recommendations for risk management measures (Jayjock et al., 2011) . Such modelling exercises enabling the estimation of both inhalation exposures and health risks are necessary to help industrial hygienists in their risk management strategies.
Knowing emission characteristics is of great importance in exposure models as emission rates govern both the rate and amplitude of the atmospheric concentrations to be estimated. Modelling studies are sometimes limited by the lack of data concerning emission sources and attempts have thus been made to improve the characterization of emission rates in this context (Keil et al., 2001) . Time-varying emission functions have shown their usefulness for characterizing the concentration profiles observed for various activities (Nicas et al., 2006; Nicas and Neuhaus, 2008; Jones et al., 2011) . Field-derived emission rates have also been determined successfully (Boelter et al., 2009 ), but such data are sparse in the laboratory field.
Another limitation for some modelling studies lies in the fact that input parameters are generally considered as point estimates, which does not reflect both the variability of such parameters and the uncertainty surrounding them. In this context, Monte Carlo (MC) simulations are increasingly being used in conjunction with exposure models for making exposure judgements (Vadali et al., 2009; Adgate et al., 2011) . More generally, Bayesian statistical techniques combining different sources of information, among which exposure models, are being recommended in recent exposure assessment strategies (Hewett et al., 2006; Ramachandran, 2008) .
In a previous study, we used a two-zone model integrating a time-varying emission function to reproduce the time profiles of organic pollutant concentrations observed within a pathology laboratory, and field-derived emission parameters were further characterized (Persoons et al., 2011) . Given the variable and potentially high inhalation exposures modelled in this preliminary work, an in-depth analysis was worthwhile in order to characterize both exposure variability and health risk assessment. Accordingly, the aims of the current study were (i) to predict the variability of worker inhalation exposure to pollutants using a stochastic two-zone model involving distributions of the field-derived input parameters, (ii) to assess acute health risks that may result from such successive concentration peaks, and, if required, iii) to recommend risk management measures to the laboratory staff.
MATERIALS AND METHODS

Work task description
As described in the previous work (Persoons et al., 2011) , the study was performed in an experimental ) at a teaching hospital pathology laboratory. The operations under study were performed by laboratory assistants at the beginning of their work shifts prior to other activities. The work tasks involved successive decanting operations consisting in manually emptying and filling tissue processor reagent reservoirs (capacity of 5 l) with either formalin or toluene (TOL). Two formalin and four TOL containers were generally decanted using the same working procedures but on different days. Decanting tasks lasted from 2 to 4 min for formalin and from 3 to 8 min for TOL and they were followed by cleaning tasks (duration: 15-20 min), which were carried out in the same room. The workers were located in the immediate vicinity of the emission sources during decanting and far away from these sources (.2m) during the subsequent cleaning tasks. No respiratory protective equipment (RPE) was worn by the laboratory assistants performing these tasks.
Exposure modelling
In the modelling exercise, the room volume was divided into two conceptual well-mixed zones: a near-field (NF) zone modelled as a hemisphere (radius R 5 1 m and volume V N 5 2.09 m 3 ) centred on the emission source and including the worker's breathing zone and a far-field (FF) zone representing the volume of the rest of the room (V F 5 V -V N 5 60.81 m 3 ) where the cleaning tasks were performed. Although this model is limited by several assumptions (perfect air mixing within each theoretical box, sharp discontinuity in concentration as one moves away from NF to FF zone), the instantaneous exposure E(t) to formaldehyde (FA) and TOL during the work tasks (decanting followed by cleaning) was described within the framework of a two-zone model such as:
where C NF (t) and C FF (t) are the pollutant concentrations in the NF and FF zones at time t, p(t) 5 H(s NF � t) is the probability of finding the worker in the NF zone at time t, in which s NF denotes the sojourn time in the NF zone; H(x) is the Heaviside function defined as H(x) 5 1 for x � 0 and H(x) 5 0 for x , 0. By definition, s NF starts at t 5 0 and only includes the duration of the decanting operations, the subsequent cleaning tasks (duration: s FF ) being considered to start immediately after the completion of the decanting operations. s NF was assumed to approximate to a Gaussian distribution (conditional that s NF is larger than or equal to the duration of all emission peaks) based upon several observations of the workers location during the decanting tasks (see Table 1 for parameter definitions/units and Table 2 for the distributions of input parameters).
According to Persoons et al. (2011) , the pollutant concentration time profiles in NF and FF zones resulting from this type of work task can be described by a two-zone model with a time-varying emission source function, such as follows:
where b is the interzonal airflow rate and b N and b F are defined such that b 5 V N b N 5 V F b F , Q is the room airflow rate, and S(t) the time-varying emission source function expressed by:
where t k , g k , and a k , respectively, represent the starting time, the amplitude, and the decay rate of kth emission event; N is the number of emission events. Solutions of the systems of equation (2) with source term given in equation (3) and initial conditions C NF (0) 5 C FF (0) 5 0, are given by (Persoons et al., 2011) :
where
and
with, for n 5 1, 2, we have F n,k (k n , t � t k ) 5 0 for t � t k and for t . were characterized in the study by Persoons et al. (2011) and are detailed in Table 2 . Choices concerning probability distributions and associated boundaries were determined by using either goodness-of-fit techniques with our experimental data or referring to literature data.
Health risk modelling
Acute health risks that may result from such short exposures to toxic pollutants were estimated using hazard quotients (HQ). This approach consists in the comparison of an estimated exposure with a reference dose level below which adverse health effects are unlikely to occur. The HQ approach was justified by the acute deterministic effects of the studied pollutants (irritative properties for FA and effects on the central nervous system for TOL), for which both incidence and severity increase as a function of dose above a certain threshold. Stochastic effects (cancer) resulting from chronic exposures to FA were not covered by the scope of this study.
HQ was calculated using the ratio of the modelled exposure to the reference concentration, with HQ . 1 being considered as potentially causing health risks. To this end, instantaneous and 15-min average inhalation exposure distributions were compared to ceiling values (CV) and short-term exposure limits (STEL), respectively. In order to assess the distributions and probabilities of occupational exposure limit (OEL) exceedance, two indexes, HQ 15 and HQ m , were calculated as follows:
where E 15 in the numerator denotes the timeweighted average inhalation exposure, and
where E m denotes the maximum instantaneous concentration within a 15-min time window. Various exposure limits and recommended levels from different countries were tested in the simulations (Table 3) in order to study the potential different interpretations that may result from this modelling exercise.
As the exposure E(t) (E T and E m are both random variables) is a stochastic variable due to the distribution of the parameters used in the exposure calculations (see Table 2 ), the results for HQ 15 and HQ m are given in terms of distributions and probabilities.
In order to test the predictive performance of the model, workers inhalation exposures were measured on two laboratory assistants at the time of the study. To this end, seven FA and eight TOL individual air samples were collected in the workers' breathing zones during the working tasks under study. The sampling duration was systematically set at 15 min in order to cover both the NF decanting tasks and the subsequent FF cleaning tasks but also to determine compliance with French STEL. Air samples were analysed according to laboratory quality standards and quantitation limits were, respectively, 0.25 lg for FA and 0.02 lg for TOL.
Data and variability/uncertainty analysis
All calculations were performed using Matlab software (MatlabÒ for Windows, release 7.6). Stability in model predictions was obtained with 2 � 10 4 simulations whereby a value for all input parameters from each of the respective distributions was randomly selected. 1-Dimensional (1-D) and 2-dimensional (2-D) MC simulations were used to compute C NF , C FF , and E. By 1-D, we assume that we have a single set of variables (N, Dt k , g k , a k , Q, b, s NF , and s FF ). 1-D MC simulation sample probability distribution for each variable and the corresponding HQ distributions are calculated. When running calculations for the two-zone model with the parameters in Table 2 , only simulations with the maximum of instantaneous concentrations smaller or equal to 50 and 5000 mg m �3 for FA and TOL, respectively, were considered for further statistical analyses.
In order to improve our understanding about the factors influencing inhalation exposures and to distinguish between variability and uncertainty in the modelling approach, a 2-D MC simulation was also
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implemented. For 2-D, we now use two sets of variables having different meanings. Uncertainty was assumed as mainly originating from the lack of knowledge about pollutant dispersion characteristics (room airflow rate Q and interzonal airflow rate b). Variability was considered as mainly resulting from emission heterogeneity (N, Dt k , g k , and a k ) and from differences in working practices (sojourn times s NF and s FF ). HQ distributions reflecting variability and uncertainty were then estimated using 2-D MC method (800 Â 800 5 64 Â 10 4 simulations with random selection of input parameter values). . 1A ,B illustrates the distribution of the FA and TOL emission function and two-zone model input parameters used for health risk assessment.
RESULTS
Fig
The wide boundaries assigned to the emission rates (g k ) reflect the diversity of emission profiles observed for the same decanting tasks over several working days, for both FA and TOL. The similar Dt k distributions for FA and TOL reflect the same frequency of decanting operations for both chemicals. The large distribution used for the interzonal exchange rate (b) reflects our lack of knowledge about local ventilation rates. Although the ventilation rate measurements performed within the experimental room showed a small variability [similar room volume air changes per unit of time centred around 10 Air Changes per Hour (ACH)], the large range assigned to Q/V in the modelling exercise (5-20 ACH) accounts for the uncertainty surrounding this parameter.
Examples of modelled emission profiles, NF and FF concentration profiles and modelled individual exposures, are presented in Fig. 2A,B . A right shift of $10 s between emission peaks and concentration peaks is generally observed in the simulations. This corresponds to the pollutant diffusion time from the container to the worker's respiratory tract. A slow increase of pollutant concentrations is observed in the FF zone, with maximum levels being reached 30-40 s after the occurrence of the concentration peaks in the NF zone. The ratio between NF and FF concentrations generally falls within a factor of 3-10, depending on the values assigned to the interzonal airflow rate (b) and to the room airflow rate (Q). After the last concentration peak, similar NF and FF concentrations are observed after 60-90 s, thus illustrating the moderate ventilation rate in the experimental room. The rapid successive decanting operations preclude the decrease of FF concentrations during the task. Therefore, rising concentrations are Table 4 as well as the results of individual exposures measured during air monitoring. On average, the 15-min NF concentration estimates are twice higher than the FF concentration estimates. On the other hand, the predicted NF concentration peaks are 11 times higher (FA) and 7 times higher (TOL) than the predicted FF peaks. Modelled individual exposures are very similar to 15-min NF concentration estimates, which is due to the presence of workers in the NF zone during the decanting task (which contributes the most to the overall exposure). Both modelled NF and FF Modelling occupational exposure to chemicals and risk assessment 7 of 14 concentration and exposure estimate distributions are large, with 95th percentiles frequently being two to three times higher than mean values. Mean estimated exposures exceed some of the tested OEL, especially in the case of CV. The 15-min FA and TOL exposure estimates are very similar to the individual exposures measured on laboratory assistants during these work tasks. Ratios between modelled and measured median exposures are of 1.1 for FA and 1.2 for TOL, respectively.
In order to investigate the effect of room airflow rate (Q) on inhalation exposure, we used the fact that Q and b are positively correlated (Persoons et al., 2011) . Therefore, changing the mean value of airflow rate Q mean will result in changing b mean as well, according to the relation b 9 mean 5b mean Â Q 9 mean Q mean , where Q mean and b mean are previous values for ventilation input parameters, Q9 mean is the alternative room airflow rate, and b9 mean is the alternative interzonal air exchange rate based on correlations between Q and b. Considering mean room volume air changes per unit of time ranging from 8 to 15 ACH, the relation above was used to estimate correlated b variations and modelled mean E 15 values ranged from 1.39 to 1.85 mg m À3 for FA and from 156.8 to 250.7 mg m
À3
for TOL, respectively. Similarly, modelled mean E m Examples of modelled HQ 15 and HQ m distributions following 1-D MC analysis are presented in Fig. 3A ,B for FA and TOL. Modelled median HQ 15 and HQ m are, respectively, 1.1 and 0.7 for FA, 0.5 and 0.7 for TOL, illustrating higher acute health risks for FA than for TOL. The mean exceedance probabilities of exposure limits for FA and TOL are presented in Table 5 . The FA modelled exceedance probabilities are systematically higher than 0.2, both for CV and STEL. On the other hand, much lower TOL exceedance probabilities are estimated, with values rarely exceeding 0.2. These results are in accordance with the low STEL assigned to irritative FA, whereas higher limits are generally assigned to TOL. Estimated acute health risks thus appear to be of concern in the case of FA, whereas TOL exposures are less likely to cause acute effects for workers. Similar to the large distributions of modelled inhalation exposures, estimated STEL and CV exceedance probabilities show large distributions both for FA and TOL.
Modelled HQ 15 and HQ m distributions following 2-D MC analysis are presented in Fig. 4A ,B for FA and TOL. The reasonable maximum HQ 15 and HQ m (represented by the upper whisker of HQ distributions for 95th percentile along the variability axis) are, respectively, 4.3 and 1.9 for FA, and 1.7 and 2.1 for TOL. Input parameters reflecting variability (emission characteristics and working practices) seem to greatly influence inhalation exposures in the studied examples. Indeed, there is about one order of magnitude in medians of HQ 15 or HQ m between the 5th and 95th percentiles along the variability axis. Similarly, input parameters reflecting uncertainty (interzonal and room airflow rates) also appear to have a strong influence on inhalation exposures, with up to one order of magnitude in interquartile ranges between the 5th and 95th percentiles.
DISCUSSION
This study aimed at assessing health risks for workers using either formalin or TOL during decanting tasks. To this end, we used a stochastic two-zone model integrating a time-varying emission function and probabilistic distributed input parameters in order to estimate both the potential variability of inhalation exposure and the probabilities of exceeding STEL or CV.
The selection of the two-zone model was determined by the observation in a preliminary study of higher concentrations near emission sources, as well as by satisfying fits obtained between measured and predicted concentrations when using this model. Given the high pollutant concentrations observed, the study concluded that health risks were to be assessed and that the two-zone model may be used efficiently for this purpose (Persoons et al., 2011) . Modelling occupational exposure to chemicals and risk assessment 9 of 14 Some of the input parameters that were being used in our study are generally easy to obtain (workers location, constant emission rates that can be derived from emission factors or from mass balances on the materials used in the process) or to measure (general ventilation rates). Some others request more indepth analyses in order to assign input distributions (interzonal airflow rate b, emission rates in the case To this end, available data about emission factors (pollutant releases in terms of some process variable) can sometimes help the hygienist characterizing emission rates or emission profiles (US EPA, 1995) . The interest of the present study is that all input parameters were considered as probabilistic distributions. This approach enables the calculation of exposure distributions rather than point estimates, which provides a better idea of the natural variability of occupational exposure. Moreover, input parameter distributions were based on goodness-of-fit techniques for several variables, which improve our confidence in relation to the estimated inhalation exposures. The large distributions assigned to t k , g k , and a k variables basically reflect the high variability of pollutant emission resulting from varying workload and working practices, whereas the large ranges assigned to Q and b mostly illustrate the uncertainty in assigning an appropriate value to these parameters. As a consequence, modelled exposures showed large distributions, with ratios between 5th and 95th percentile estimates frequently within a factor 5-15, both for 15-min average concentrations and for concentration peaks. Given the small room volume and the medium ventilation rates, the modelled ratios between the NF and FF 15-min concentrations (frequently in the range 2-to 3-fold) comply with previous simulations performed with similar air exchange rates (b) (Cherrie, 1999; Cherrie et al., 2011) . Workers located in the FF zone during the decanting tasks under study may thus be exposed to high levels of FA or TOL. This justifies the study of the workers' sojourn times in both NF and FF zones. Increasing pollutant concentrations modelled within the FF zone during the successive decanting operations indicate an insufficient general ventilation rate and the need for an additional local exhaust ventilation (LEV) system. The inhalation exposure modelling results are close to the results obtained during the individual monitoring performed on the workers, as the ratios between the 15-min modelled and measured exposures are systematically within a factor of 2. This confirms the interest of the two-zone model for predicting concentrations near a pollutant source, as mentioned by other authors in recent years (Spencer and Plisko, 2007; Nicas and Neuhaus, 2008; Boelter et al., 2009) .
The 'What if' analyses performed by simultaneously varying correlated Q and b values within the two-zone model indicate the need for taking into account potential correlations between input parameters as this may significantly impact the predicted exposure profiles. As a next step to this study, it may be useful to refine the modelling approach by considering all potential correlations between input parameters. Other studies have also indicated potential correlations between variables and their influence on concentrations, with, for instance, a pronounced airflow direction effect on both b and concentration levels (Zhang et al., 2009) .
The risk assessment method used in this analysis was based on a classical HQ approach, which is suitable for pollutants with deterministic effects. The use of this method in the current study was justified by the potential acute effects of the substances under study, i.e. irritative effects for the eyes and respiratory tract for FA and effects on the central nervous system for TOL, respectively. It is clear that alternative methods may be needed to estimate potential FA chronic (carcinogenic) effects. The characterization of peak exposures is nevertheless of importance in FA chronic toxicity as cytotoxicity is assumed to play an important role in the carcinogenesis of FA in nasal tissues (IARC, 2006) . Our modelling approach may therefore be used for chronic risk assessment as well in the particular case of FA, due to the specific carcinogenic mechanism of action.
The HQ approach has recently been used in order to model health risks due to fluorinated solvents in a spill scenario. This model was used for recommending risk management measures in the case of non-routine exposure events (Jayjock et al., 2011) . Our work followed a similar strategy but also computed HQ exceedance probabilities by integrating both the potential variability of the exposure scenario and the uncertainty of input parameters. In this study, workers' exposures to pollutants and associated health risks seem to be influenced both by parameters reflecting variability (emission characteristics and individual practices) and by parameters reflecting uncertainty (local and general airflow rates). Another interest of 2-D MC analysis for risk assessment purposes lies The studied examples illustrated the discrepancy between national OEL, with exposure limits frequently ranging over one order of magnitude from one country to another. In this context, the large distribution of modelled exceedance probabilities basically reflects the variability of the exposure limits under consideration. The studied exposure scenarios frequently fall within the highest category (.5% exceedance of the OEL also being equivalent to 95th percentile . OEL) in the suggested exposure ratings (AIHA, 2006) . Risk management measures are thus warranted to reduce occupational exposures. The implementation of an LEV system and the use of RPE may be strongly recommended during the decanting tasks under study. FA-free fixatives may also be tested in order to replace traditional formalin. The implementation of an automatic reagent transfer may also be considered in the context of frequent tasks using large quantities of toxic substances. The tested modelling approach may be useful in order to determine working conditions where RPE may be recommended. In addition, we think that the current approach may serve as informative prior in the context of Bayesian decision analysis, which is becoming increasingly popular and presents several advantages including the availability of decision probabilities (Hewett et al., 2006) . Our findings support the idea that the two-zone model with a time-varying emission source function may be an adequate mathematical tool for work scenarios characterized by repetitive pollutant concentration peaks. The model-based priors may then be used in combination with exposure measurements to reach a more refined decision category, as recommended by Vadali et al. (2009) .
CONCLUSIONS
This study modelled inhalation exposures to chemicals and associated health risks for workers in a pathology laboratory. Probabilistic distributed field-derived input parameters were integrated into a stochastic two-zone model and health risks were estimated by both HQ and OEL exceedance probabilities. Modelled 15-min FA and TOL inhalation exposures were found to be similar to the individual concentrations measured on the workers. This indicates that this model may be adequate for exposure assessment purposes in similar situations.
The prediction of inhalation exposure and HQ in the form of probabilistic distributions rather than point estimates provides a better idea of the potential variability of occupational exposures, with large within-and between-worker variabilities frequently observed in field studies. Another advantage of the current modelling exercise is that both the variability and uncertainty of input parameters were taken into account within the mechanistic model. This approach may thus help risk managers to define appropriate risk management measures, in addition to or as an alternative to monitoring data.
Our results finally suggest that the tested modelling approach may be suitable for predicting exposure profiles and acute health risks in situations where time-varying emission sources are involved. This methodology may be particularly interesting to use in working scenarios involving tasks such as filling of drums/bottles or shaking liquids, where exposures are frequently highly variable and where numerous monitorings are commonly needed to provide accurate health risk assessments.
